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Abstract. The classical “repairman problem,” cf. Feller (1967) is generalized to
consider r failure-prone machine types, each type having its own individual
failure rate and also repair rate. Each failed machine joins its type queue, and
is repaired by a single server. Several dynamic service priority schemes are
considered that approximate first-come first-served, longest-line first, and
least-available first. A heavy-traffic asymptotic analysis determines
approximations to the time-dependent mean and covariance of individual
type queue lengths, and shows that the marginal joint distribution of queue
lengths is approximately Ornstein-Uhlenbeck. Numerical illustrations of
approximation accuracy are provided, as are suggested applications to

computer performance and manufacturing systems analysis.
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1. INTRODUCTION

The classical “repairman problem” described by Feller (1967), Cox and
Smith (1961), and in all later texts on applied probability, is a well-motivated
example of a finite Markov chain in continuous time. Not only is it a
plausible first model for the productivity of a group of similar machines that
are subject to failure and susceptible to repair by one (or more) repairmen, as
described by Feller and subsequent authors, but it provides initial rough
models for prototypical computer science situations such as multiprocessing
and polling. The purpose of this paper is to extend the basic simple single-
type (of machine, for instance) Markov repairman model to various multi-
type models, i.e., ones in which several types of items (e.g., machines or
computer system users) become applicants for service. These then may join a
single queue and be serviced in arrival order: first-in, first-out or FIFO.
Alternatively, the service applicant types can be individually queued, and a
service assignment can be made from one of these queues at a suitable
instant, such as at the end of a service; evaluation of the latter dynamic
compléte-service assignment rules are emphasized in this paper. Note
parenthetically that in principle there need be no restriction to choice from
among the waiting types only when service is completed: preemption at some
intermediate time can be an effective tactic, particularly if setup or switchover
times or costs are not excessive, in order to focus attention on a machine type
that momentarily has a long queue and thus is in excessively short supply.
One limit of preemption is some form of processor sharing, in which the
server’s tendency to service a particular type among service applicants

depends moment by moment upon lengths of queues, or urgency. In some
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contexts switching back and forth between partially completed services is
severely penalized by substantial switchover times, which reduces the
attractiveness of the tactic. It is even possible that such switching can lead to
bistability, an elementary form of chaos; see Jaiswal, et al. (1990). We do not
consider such switching models in the present paper.

In what follows we first describe our mathematical model, paying
particular attention to a handy probabilistic device for representing
purposeful and adaptive selection of a new service incumbent just after the
previous one completes service and leaves. An important example could be
the simple practice of selecting from the longest queue; another is selecting
from the queue of items that is least available. We then introduce a state
space scaling that is appropriate when the number of each machine type
grows large and the system is in heavy traffic, so the server is essentially
never idle. Asymptotic expansions are introduced in terms of a large
parameter, a; a is of the order of magnitude of the number of machines.
These expansions reveal the approximate time-dependent means of the
lengths of the queues awaiting processing, and also the time-dependent joint
characteristic function (ch.f.) of the random noise terms that characterize
departures from the mean. The latter approaches the ch.f. of a multivariate
Ornstein-Uhlenbeck process; see Arnold (1974). The scaling studied is the
same as that of McNeil and Schach (1973) but the present results pertain
specifically to a multi-type queueing system’s transient behavior. Finally,
numerical results computed from the model by numerical solutions of
systems of differential equations are compared to simulations, with good

agreement exhibited. The computational time for the presently described
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analytical-numerical procedure is a small fraction of thz! required to conduct

a comparable simple simulation, suggesting its practicality and usefulness

when appropriate.
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2. THEMODEL
In this section we describe the initial basic model for a multi-type

repairman problem with adaptive service.

a) Demands

There are K; items (“machines”) of type j, each of which, when operating,
fail independently at Markovian rate 4;;j=1, 2, ..., r. In fact, the failure rate
can even be smoothly time-dependent, with failure rate at time (not age) t
equal to Aj(t), but we emphasize discussion of the time-homogeneous

situation here.

b) Service

There is a single server. When an item of type j is undergoing service its
repair process is Markovian with rate v;. Again, time-dependence is
allowable. We only consider the case of heavy traffic, which means that
Zl _1Kj Aj / v; >1 when rates are constant. This assumption assures that
queues for all items form soon after the process begins; the queues grow

towards steady-state levels and fluctuate but essentially never dissipate.

o) Service Discipline; Models for Adaptation

Servic2 is organized by assembling different demand types in their own
queues. lLet Ni(t) denote the number of items of type j awaiting service at
time ¢; if a type j item happens to be undergoing service it is also included in
the count Jor Ni(t). Let I(t) be an indicator variable; I(t) =i (i=1, 2, .., r) means

that an item of type i is in service at time ¢.
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When an item of any type completes service its replacement is modeled
as if selected by a random device: given that service is cdmpleted at time ¢
and the number of items in the various queues is N(t) =n then with
probability g; (n, K, w(t)) the new server incumbent at ¢ is of type j. The
function g;(-) is to be chosen so as to model desired service protocols; it is, in
particular, assume_d to be homogeneous of degree zero in n.and K. We select
for study specific forms that represent, for example, (i) first-in, first-out (FIFO)
service selection, (ii) longest-line-next (LOLIN), (iii) least-available-next
(LAIN) or any weighted combination thereof. Here are the explicit forms

chosen; forj=1,2,..,r

() FIFO: q;(n(t),K_,w(t))=% 1)
k
p
(i) LOLIN:  gqj(n(t). K, w(t)) = (nj(t)) :,v A 1 (2.2)
{;(nk(t)) wy(t)
PR . —p .
(i) LAIN:  q;(n(t), K. w(t)) = & =mt) w) (23)

3 (Ke = mi(0) P(t)”

k

where (w(t)) = w(t) is a set of positive weights and p is a positive tuning
constant (suitably chosen to be “large, but not too large”). Note that each
specific function is the ratio of homogeneous functions, differentiable in n;
and also K;. To motivate (2.3), it is clear that if, say, the availability of item 1,
namely Ki-n is less than that of any other item j#l, then its anti-availability

(I(;—m)'1 is greater than that of any other, and the difference is enhanced by
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increasing p in (Ki-m)?; consequently the gj of (2.3) increases controllably the
probability of choosing item j for next service if it is least available. In
principle ambiguity exists if ni(t) = Kx for more than one machine; we do not
consider this unlikely event. An analogous argument holds for (2.2). It has
long been understood that (2.1) with equal weights already well-approximates
FIFO; its use eliminates the need for a far more elaborate state space to
describe true FIFO. See Gaver and Morrison (1991) for a treatment of our
FIFO model by somewhat different methods.

Although we model the selection of the next item to be served by a
random process governed by g; the intention is that this model emulate
deterministic selection. Modeling by a probability that is a sufficiently smooth
(differentiable) function of state variables n;(t) permits computation of
asymptotic expansions that conveniently characterize measures of the
probabilistic fluctuations of those state variables; in particular the
approximate variance-covariance function of N(t). It will be shown by
simulation for specific examples that numerical agreement of our
probabilistic analytical models is very close to the corresponding deterministic
selection results. The computing time for obtaining the numerical results
from the znalytical model is, however, a small fraction of the time to obtain
the simulation results. This allows considerable elaboration of the present
basic model; for some details see Gaver et al. (1991).

There follows a discussion of application areas for our class of models.

Adaptive Polling
Suppose a single processor, e.g., computer or database, receives tasks from

r different classes of input devices which we will call terminals. When a
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terminal in class j makes a demand it remains quiescent until that demand is
served, after which it becomes active again at rate Aj. The requests from each
terminal individually queue for service at the processor; when a request or
task is accepted by the (single) processor it is served to completion; the server
is said to poll terminal class queues for the next request or task to be served
when completion occurs. The analysis herein permits assessment of various
polling selection policies, such as one that dynamically favors the longest
queue (equally-weighted LOLIN) and thus tends to equalize queue lengths
and waits for s~rvice. If the terminal classes were to be information sources
in a military command-control-intelligence (C2I) system, and requests were
database updates, the priority weights, wj, could be adjusted to account for the
current credibility of inputs by classes of terminals; the most credible would be
processed first in times of stress and heavy usage, as during combat. It is
easily possible to adjust the service policy to that of class-preferential
processor sharing, see Gaver and Jacobs (1986) and Morrison (1987) for similar

asymptotic studies.
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Why LAIN? Promotion of Item-Cooperative Service in Reliability or
Manufacturing Applications

Several real situations call for the use of the least-available-next (LAIN)
policy as at least attractive, if possibly not demonstrably optimal. Consider the

modeling of adaptive service to achieve

System Availability

First, suppose that exactly one of each item type is needed in order to
render fully operational a platform system such as a fully-equipped aircraft.
Then the least-available item type controls the number of platforms available
for action. In case there are fewer of each item type than there are platforms
then all available platforms will be in action at any time and the simple
process described above is in play and its analysis is appropriate. For a more

detailed description of the aircraft availability process see Gaver et al. (1991).

Manufacturing: Stage-Wise Production

Second, suppose instead that each item type represents a machine that is a
stage in some sequential manufacturing process. Manufacturing, or other
processing, proceeds in successive stages, starting at a bank of (available)
machines of type 1, the output of that stage proceeding to, and through,
machines of type 2, etc., through machines of type r at Stage r. Machines are,
however, susceptible to failure and only those that have not failed (are
available) are productive. Provided that all machine banks are about equally
productive, so that there are no production bottlenecks in the absence of
failures, it is of interest to schedule repairs to maintain that balance when

realistic failures do occur. Certainly the LAIN policy has the desired effect of
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maintaining equality among machine types available. A generalization
might well be to induct for next service that machine type that has the largest

queue of in-process production items awaiting that particular machine bank.
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3. MARKOYV STRUCTURE AND ASYMPTOTIC ANALYSIS

It is clear from the assumptions made that the process (N(t), I(t)} = {N;(1),
Na(t), ... N(t), I(t)} is Markov in continuous time with a finite discrete state
space. If all parameters are actually independent of time such a process will
ultimately reach steady-state, exhibiting a stationary distribution. But explicit
calculation of that distribution, or of the distribution at any finite time, ¢, is an
involved exercise. Special efforts would be required for system design and
operation. The same is true if simulation is used to study the behavior of
various scheduling options such as FIFO, LOLIN, or LAIN. Hence the
approach of approximating the behavior of the above multivariate process by
the sum of a deterministic mean and a continuous-state-space diffusion
process with Gaussian marginal distributions is attractive. McNeil and
Schach (1973) carried out a comparable program for a wide variety of models,
but our approach and results differ from theirs in various respects; in

particular our process is multivariate.

Asymptotic Analysis
Let

Py(n,t)=P{Nq(t)=m,..N,(t) =n,,1(t) =t} = P[N(t) = n,I(t) = £}, (3.7)

where initial conditions have been suppressed. Then standard arguments

lead to the forward Kolmogorov equations
a r
Ept(ﬂ'f)’f lej(Kj =1 JPy(n.t) + vgPy(n,t) =
]:
14 4
ZIAI(KI - nj + 1)P‘(ﬂ - Qj,t) + q[(Q,K)ZlU’P)(Q + _e_’-,t), (32)
]: ’:

11
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forn,20,n#e,and 0 <n <k, wheree; = (0,0, .., 1,0, 0), i.e., 1 occurs only in
the jth entry of vector ¢i. We do not include the special equations appropriate
when n =0 and n = ¢ysince the heavy traffic assumption renders this

unnecessary.

Scaling
For a large value a, i.e,, a»1 we aésume Kj=aaj, vj=ay; Consider the

transformed variables
Vi(t)= (N;(t)-aB;()) /Na,j=1,2,...,r (3.3)

wherein fj(t) are deterministic functions to be determined; af;(t) = E[N{t)].

Define the characteristic function (ch.f.) of V(t) for given a as

wq(y.t;a)= E[exp(i Zl_/(t));l (1= t]
= (%exp[iz(g - a_ﬂ_(t)) /a ]P,(g,t). (3.4)

The objective will be to derive asymptotic expansions in powers of 1/a that
characterize the mean function B(t) = (81(¢), B2(t), ..., B:(t)) and also
@ = (@1, @y, ..., wy); from the latter variances and covariances of queue lengths
can be deduced. From the limiting characteristic function it may be deduced
that the process V(t) is approximately multivariate Ornstein-Uhlenbeck, with

parameters specific to the particular scheduling rule in force.

Preliminaries

According to its definition, (3.4),

wy(y.t:a) = (E‘ieiz(”_"é('))/ﬁPz(ﬂ,f) = (Z‘Seizy(”")l’z(nlt) (3.5)

12
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where
v(n,t)= (_r_g - ag(t)) /a. (3.6)

Now multiply (3.2) by €2 and sum on n. Note that differentiation of (3.5)

gives

= —n/—y a),+2e P,(n t), (3.7)
(n)

and that the scaling (3.6) implies

Ze’y-Zn :Py(n,t) = ZZ(J-v, +a[3,(t))e Yop,(n, )

(n) j=1 j=1(n)

i( n/_——+aﬂj(t)w,} (3.8)

%;j

so from the Kolmogorov equation

d r
a_;"t_l + NEZ}% W, + jéxi[l(iw, + iw/z%(;-;- - aﬁj(t)wl] +ap o=

il’ Kjw,+iw/a-%(;—‘—aﬁj ]Iy’/\/__'_zely_q Z’.K 2 (n+e t) (39)
j=1 J (n) j=1

Expand g; by noting that in representation (2.1)-(2.3) numerator and

denominator are homogeneous functions, so cancellation of Ya provides
9j(m K, w(t)) = 4;(B(E), & w(t)) + - ka +O(1/a) (3.10)

Now insert (3.10) into the final sum of (3.9) to get

13
service-sdaptived /22 /91,12:01 PM




r
-—a-;—+n/_a) y g [aa]w, +n/_-—9]——aB,(t)w,]+au,w,

ili[aajwl + i\/;%yal - “/3j(l)ml]eiyi/‘/;
j=1 '

I

+aq(B. @, ); eHiMNe i ‘_,:lu,z,gg‘ ¢ ¥i/Va 09) }/k +0(1), (3.11)

omitting terms of order 1/a in the expansion of g;. Next divide through (3.11)

by a and note that

v " y . dp
ulw,—qlz;tjwie ly}hﬁ;-}-Z\:l]’(a"—ﬁj)(l—ely)/ﬁ) 7’, Iyl}

j=1 =1 a dt
i - aq[ aw} —1y /Na i < ( iy'/w/;)
+—= y — -e”l =0(1/a). (3.12
Expand the exponentials to find
r l r dﬂ
He®e e Z“i“’f +ﬁz[7§}" Ai{e; 'Bi)}yi“’t =

9q 9
Z“J[ql“’m + Zap ” ]" O(1/ a). (3.13)

If (3.11) is summed on ¢ then, noting that since Z;=1‘71(£3_'2)=1: SO
Z;ﬂa‘h / df; =0, etc., there results

, I r iv @ dﬁ r
b St -7

j=1 I=1

i iyi/Va \xo 00 1)
+7_;21,-(1—e’y1 “)2 L+ Zatt 0. (3.14)

j=1 1% 95

14
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The fact that this summed equation holds follows directly from the summed
Kolmogorov equation; details are omitted. Now expand the exponentials in

powers of 1/+/a to find

j=1 J= =1
1| < y)z 4 ? 4 z aw, a(l)[
e 2“1“’1?*2’11(“;"51)‘2' 2,0 +Z%%[Zg ) o5
j=1 j=1 =1 j=1 t=1%j ) =1
=0(1/4%?) (3.15)
Expansions
Next introduce the asymptotic expansion
0 1 1 (2
w,(z,t;a): a)g )(Z't) T ( )(y t)+ ( )( )+ (3.16)
Insert (3.16) into (3.13) and isolate terms of O(1):
1w -q:Zu o =0,
j=1
thence, with
© S 1o
Q (z,t): leiml- , (3.17)
’:
we obtain
o)) = ;%Q(O)(Z,t). (3.18)

In the summed equation (3.15) we have

15
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r dp; r
2y i[“i“’f'o) *[7:' -9 '/’i)( Zwﬁ"’m =0. (3.19)
Put
9o =0(f.a)= X a: /e (3.20)
{=1

then (3.19) beceames

which is satisfied if

dp;
— = hileg=Bj)-9; /0
q; / Hj
= Aj{a; - B;) - mj| =—L—| (3.21)
i\% = Pj) = Hj
Z;‘=1qi/“j

The solution of (3.21) provides the initial approximation to the mean length
of the jth queue: E[N{1)] ~ af®).

Note that xw)(z,t)= Z;=] wgo) = (o.Q(O)(_y_,t) provides the leading term in
the asymptotic expansion for the ch.f. of V(t), the stochastic noise term that
perturbs the mean and that x)(0,f)=1.

Now return to (3.13) and isolate terms of order 1/ \f; to find that

(0)
M, %y - Y (), . <29 %%
Mooy = Ge R0 = =i 2P| gy Yy + Y=l =
L par’ 17 par J j 7 k=1aﬂk a}/k
'r dﬁ' 0
"2;[7,7’"‘;(“1"3;‘)]%“’3 ) (3-22)
J=

16
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replace (o}o) by (q i/ K ).Q(o) and utilize Z;=1qj =1 and (3.21) to find

(1 _ (1)- 99y an()+ Q0 wides 3.23
ey qz}Z‘iu, '[Eaﬁ Sy qu rm Zq,y, (3.23)

In order to make use of the summed equation, (3.15), first put .Q(l)(y,t)=
Yy i=1HjO sl)( ,t) in (3.22), divide through by p,and sum to obtain

r an( ) R 4

{=1 k=1

in which
r 2
R=Y, .9¢/ui. (3.25)

Multiply (3.23) by y,and sum:

2
r. g, 300
Zywew quZu, - -1ZZy q‘ ok +9(°)[24,y,]
’_.

=1 L=1k=1

449t z
Z 9jY;- (3.26)
P =1 B g

Now utilize (3.26) and (3.24) in the summed equation, (3.15), and put
r
1 1
o = 'zlijs- ) (3.27)
l=

to obtain

17
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=1 t=1k=1 9Bk 9k ¢ o1 He

2
50, 300 o0
10 gyl 3 ye 22 +9‘°’{Zq;w} Zq’y‘anw

yj 20
Zq’ I p0l) — Z 99 +¢9(°)24kyk-—9( )quyk

P PBx Iy ? i
(3.28)
y? 2 0)) r 3,0
L4 0) ’ . y} T r awt ow
H X pol L+ Y- )L X ol +Thy, X5t i
j=1 j=1 t=1 j=1 t=1 %Jj =1
=0.
The terms designatea by ___ and by____ cancel, leaving an equation

involving only the first terms in the expansion (3.16 ). Further, in view of
(3.18), the latter can be reduced to an equation involving only foru wh.

If we define
5i(8.2)=4;(B.a)/ 0(B.a). r(B.a)=R(B.2)/ 0(B.z)  (329)

and recall, x(o)(z, t) = (p(g, _o_z).Q(O)(z, t) then (3.28) is expressed as follows:

Y [2 9 3sj 920 )]
=T &MYy ZZ 339
‘ j=1 j a9k 9k (3.30)
1 r
(_52;[}‘1( Bj)+sily] + Z}?«}[‘;"(ﬂ “)} kY jYk ]x( \
= =

Equation (3.30) is recognizable as the partial differential equation satisfied by
the ch.f. of the Ornstein-Uhlenbeck process. This shows that the scaled noise
terms have normal/Gaussian marginal distributions, and permits the

derivation of a system of differential equations for the covariance function of

18
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the stochastic queue lengths. These are obtained by differentiating (3.30) at
¥ =0: if pjAt) is the limiting covariance of V/(t), V At), as defined in (3.3), then

—-P,z(f)+(/1 +2g)pje(t)+ [aﬂ Plk()"’ ij(t)]
k=1

11 (3.31)
[Zr(ﬂ a)--‘-l;-;l—]s,s, "'[}')(“l ﬁ, ]

with 8;,=1ifj=¢, = 0i'j# £ (Kronecker delta). We have used the fact that
x@(0,t) = 1. A first-ordr correction term to the mean can also be derived, as

can further terms in the asymptotic expansion: if

EIN{(D] = aBi(t) + Ja&{t) + 0(1)

then

g’( ) 2800+ 2‘, ék(t) 0; (3:32)
note that if £{0)=0,j=1,2, ..., r, then ) = 0.

It seems likely that under the normalization chosen the process V(t)
actually converges weakly to the Ornstein-Uhlenbeck process, but we do not
prove this fact here; see McNeil and Schach (1973) for an early approach to
this issue.

We now turn to a numerical assessment of the quality of the
approximation for the time-dependent mean and standard deviation of
individual queue lengths, and a discussion of the effect of the several service

scheduling rules.
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4. NUMERICAL RESULTS
The asymptotic results will now be illustrated numerically, and compared

to simulation. Two sample systems will be examined.

- EXAMPLE 1: CONFIGURATION AND RATES

Machines
j: 1 2 3 4 5
Ki 100 110 120 130 140
A 0.011 0.012 0.013 0.014 0.015
v;: 3.0 3.0 3.0 3.0 3.0

The following abbreviations identify the various service disciplines and
computational procedures in the tables:

e FCFS,A/S: First Come, First-Served; Analytical Method/Simulation

¢ LOLIN,A/S: Longest Line Next; Analytical Method/Simulation

e LAIN,A/S: Least Available Item Next; Analytical Method/Simulation
The simulation has been carried out so as to faithfully represent the service
disciplines: FCFS,S litefally keeps track of the order of arrival and serves
accordingly, and LOLIN,S and LAIN,S likewise perform as stated when new
service opportunities occur; they occur deterministically. The analytical
procedures utilize the probabilistic schemes described. In all present cases
initial conditions are nominally zero; in order to avoid problems with
indeterminacy of g; small values of Bi(0) were utilized; weights w; were taken
to be equal. The three times selected to report results essentially cover the
interesting range of temporal variation; the system is nearly in statistical
equilibrium at the final value. Simulations were replicated 500 times; for

details see Pilnick (1989). The typical simulation exercise for a single case, e.g.,
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FCFS,S for all machines required about ten minutes of IBM 3033/4381 time,
while the corresponding analytical-numerical solution was carried out in the
order of a few seconds.

Table 1 allows comparison of the mean and standard deviation
(parentheses) of queue lengths as (a) these measures are computed
analytically-numerically, solving equations (3.20) and (3.26), and (b) by point-
event simulation. It also invites comparison of the effect of the various
disciplines.

Discussion

Figures in Table 1 show that

e For all disciplines employed, and at all times recorded, the analytical-
numerical and simulated means and standard deviations agreed
well.  Of course the analytical-numerical computations were
performed in a small fraction of simulation time. Note that the
target p-value (tuning parameter) p = 30 provides numbers closer to
simulation despite the danger of instability associated with very
large p’s. Choice of @ and of p must be guided by experiment at
present.

e The stochastic variability around the time-dependent mean queue
length, measured by the standard deviations, is always a small
fraction of the mean. The FCFS standard deviations are always
somewhat greater than those for the LOLIN or LAIN policies; these
latter have a natural tendency to equalize queue lengths, both with
respect to means and stochastic fluctuations. Studies not reported
here, Pilnick (1989), suggest that the scaled marginal distribution of
queue length, V(t), is close to being normally distributed, as would
be implied by the Ornstein-Uhlenbeck nature of the limiting ch.f.,
(3.30).

e The LAIN policy quickly adapts to equalize the number of un-
queued, or available or idle machines in each group. This feature is
of special interest when one available machine of each type is
needed on a “platform” (e.g., ship, aircraft, etc.) in order that it be
totally mission-ready. For other models and studies in this direction
see Gaver et al., (1991). Note that LAIN is myopic and makes no use
of estimates of parameter values A;or j, or even the number, r, of
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competing machine types. The same general objective should be of
interest if the machine types are components of a sequential
manufacturing process and it is desired to avoid bottlenecks.

TABLE 1
MACHINE SERVICE DISCIPLINES TIMES
100 200 500
FCFS,S 40.5(5.3) 524(5.3) "57.2(5.1)
FCFS,A 40.3(5.2) 52.6(5.3) " 575(5.2)
LOLIN,S 535(3.3) 68.7(3.1) " 74.0(3.2)
1 LOLIN,A (p=10) 50.9(3.7) 653(35) 70.83.4)
(p = 30) 53.2(3.7) 68.0(3.4) 735(3.2)
LAIN,S NA NA NA
LAIN,A (p = 30) 33.13.7) 4793.4) 53.5(3.2)
FCFS,S 47.4(5.5) 60.6(5.7) 65.5(5.6)
FCFS,A 47.0(5.6) 60.5(5.6) 65.6(5.4)
[LOLIN,S 543(3.4) 69.2(3.1) 74.5(3.3)
2 LOLIN,A (p=10 53.0(3.9) 67.6(3.7) ~73.1(3.6)
(p = 30) 54.1(3.6) 68.6(3.4) 74.5(3.3)
LAIN,S NA NA NA
LAIN,A (p=30) 43.4(3.7) 58.1G.4) 636(3.2)
FCFS,S 53.8(6.3) 68.5(5.8) 73.260) |
[ FCFS,A 54.0(5.9) 686(5.8) 73.8(5.7)
LOLINS 54.8(3.5) 696(3.1) 749(3.1)
3 LOLIN,A (p=10) 547(4.1) 69.6(3.9) 75.2(3.8)
(p=30) 53.7(3.7) 69.7(3.6) 75.3(3.5)
LAIN,S NA NA NA
LAIN.A (p = 0) 537(3.7) 682(34) 73.7(3.2)
FCFS,S 61.2(6.6) 76.9(6.1) 81.6(5.9)
FCFS,A 612(6.2) 76.9(6.0) 82.3(5.8)
LOLIN,S 55.4(3.6) 70.1(3.2) 75.3(3.3)
4 LOLIN,A (p=10) 56.2(4.2) 713@.1) 77.0(4.0)
(p=30) 55.2(3.7) 702(3.6) 75.9(3.5)
LAIN,S NA NA NA
LAINA (p = ) 63.93.7) 784(3.4) 83.832)
FCFS,S 68.4(6.8) 84.4(6.1) 90.3(6.0)
FCFS,A 68.8(6.5 853(6.2) 90.8(6.0)
LOLIN.S 55.9(3.6) 706(3.2) 75.8(3.3)
5 LOLIN,A (p=10) 57.5(4.4) 72.9(4.3) ~78.7(4.2)
(p = 30) 55.7(3.8) 70.8(3.7) 76.5(3.5)
LAIN,S NA NA NA
LAIN,A (p = ) 74203.7) 885(3.4) 939(3.2)
22
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EXAMPLE 2: CONFIGURATION AND RATES
(Failure and Repair Rates Differ)

Machines .
j: 1 2 3 4 5
ﬁ 100 110 120 130 140
A 0.015 0.020 0.025 0.030 0.035
v; 1.0 11 12 1.3 14

Note that in this example the repair rates differ, whereas in the previous
example they were the same. In Table 2 there appear the analytical and
simulated means and standard deviation (parentheses) of the individual

machine availabilities when the FCFS and LAIN service policies are in effect.

TABLE 2. MACHINES AVAILABLE

MACHINES SERVICE DISCIPLINES TIMES

50 100 200

FCFS,S 51.5(5.0) 28.9(4.6) 1396.3)

1 FCES, A 52.1(5.0) 303(4.6) 16.1G.7)
LAINS 51.34.7) 745(3.9) 11.701.6)

LAINA (p = 10) 52.1(4.8) 752039 11.5(1.7)

FCESS 36.15.0) 228(4.5) 11.6(3.3)

2 FCFS,A 46.5(5.2) 36(4.3) 12.5(3.3)
LAINS 439(4.3) 20022 11.3(1.6)

LAIN,A (p = 10) 43.9(4.9) 202(2.6) 11.10.7)

FCES,S 41.06.2) 186(22) 10.7(3.3)

3 [FCFS, A 31.4(5.3) 189(4.0) 105G3.1)
LAINS 20.10.4) 193(25) 11.00.7)

LAIN,A (p = 10) 40.23.9) 19.2(2.5) 10.8(1.7)

FCESS 51.5(5.0) 289(4.6) 13903.3)

4 FCFS.A 52.1(5.0) 303(4.6) 1610.7)
LAIN,S 51.3(4.7) 245(39) 11.7(1.6)

LAIN,A ( = 10) 52.1(4.8) 253(39) 11.5(.7)

FCFS,S 51.5(5.0) 289(4.6) 1390.3)

5 FCFS.A 52.1(5.0) 30.3(2.6) 16.10.7)
LAINS 51.3(4.7) 245(3.9) T1.706)

TAINA (7 = 10) 52.1(4.8) 752(39) 11.5(1.7)
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Discussion

Table 2 indicates that the analytical-numerical and simulation-generated
means and standard deviations again agree reasonably well, even though
individual type failure rates and repair rates differ. The major discrepancies
seem to appear in FCFS discipline comparisons. The qualitative effects noted
earlier are once again evident: generally small standard deviation to mean
ratio (coefficient of variation); larger standard deviation to mean ratio
(coefficient of variation) and larger standard deviation for FCFS than for
LAIN, and a pronounced (an anticipated) tendency for LAIN to equalize the

number of machines available as time advances.

Conclusions

Our conclusion is that asymptotic expressions based on the scaling (3 3)
provide quite adequate approximations to the time-dependent or transient
means and variances for the particular multitype repairman problems
studied. These problems include attention to a variety of dynamic priority or
service-adaptive policies via the device of tailored probabilistic selection of
new service incumbents. Not surprisingly, convergence to the marginal
distribution of an Ornstein-Uhlenbeck process occurs; actual weak

convergence has not yet been demonstrated, but is a likely bonus.
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